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Golden Era of Biomedical Informatics
Moore and Holmes, BioData Mining (2016)

Why?

• Big data

• High-performance computing

• Talented trainees

• Government recognition

• Industry recognition

• Patient recognition

• University investment 



Golden Era of Biomedical Informatics

What next?

• Artificial intelligence

• Biomedical devices

• Data integration

• Data science

• Informatician scientists

• Machine Learning

• No-boundary thinking

• Visual analytics
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Data Science Pipeline
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Big Data 

D

http://www.kdnuggets.com/



Data Integration

DI Relational Database Graph Database

Michael Hunger – Neo4j



Feature Selection

FS

Ritchie – PLoS Genetics (2013)

Sohangir – J Soft Engin App (2013)



Feature Construction
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Machine Learning

ML
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http://suanfazu.com/



Statistical and Biological Interpretation

I



Biological Validation

V

Talbot, Zebrafish (2014) dev.biologists.org



Clinical Application

A

M.D. Anderson



Can the data science pipeline 

construction process be automated?



Automated Machine Learning (AutoML)
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Tree-Based Pipeline Optimization Tool (TPOT)
Towards Automated Data Science

https://github.com/epistasislab/tpot/

Dr. Randal Olson (postdoc)



Tree-Based Pipeline Optimization Tool (TPOT)

1) ML code base

2) Pipeline representation

3) Optimization algorithm

4) Overfitting control



ML code base



http://scikit-learn.org/



Building Blocks of a Pipeline
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Building Blocks of a Pipeline
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Example Data Science Pipeline
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Pipeline representation



TPOT Expression Tree
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Pipeline optimization
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Pipeline overfitting
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Pareto Optimization
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Simulation Example



Olson et al., LNCS (2016)



Bladder Cancer Example



Application to Bladder Cancer
Andrew et al., Carcinogenesis (2006, 2008)

• 334 bladder cancer cases

• 580 controls

• From the state of NH

• Polymorphisms in DNA repair enzyme genes

– XPD

– APE

– XPC

– XRCC1

– XRCC3

• Pack-years of smoking, age, gender

© Jason H. Moore



© Jason H. Moore

Training Accuracy 0.66

Testing Accuracy 0.64

OR = 3 (95% CI 2.0-3.4)

P < 0.001



TPOT Building Blocks
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MDRData DTMDR
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Scaling for big data



An expert knowledge feature selector
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An expert knowledge feature selector

Sohn et al., LNCS (2017)



Automated Machine Learning (AutoML)
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TPOT: The Data Science Assistant
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Data Science should be 

accessible and easy







Penn IBI Idea Factory
Connecting Researchers with Ideas
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